When searching for prospective novel peptides, it is difficult to determine the biological activity of a peptide based only on its sequence. The "trial and error" approach is generally laborious, expensive and time consuming due to the large number of different experimental setups required to cover a reasonable number of biological assays. To simulate a virtual model for Hymenoptera insects, 166 peptides were selected from the venoms and hemolymphs of wasps, bees and ants and applied to a mathematical model of multivariate analysis, with nine different chemometric components: GRAVY, aliphaticity index, number of disulfide bonds, total residues, net charge, pI value, Boman index, percentage of alpha helix, and flexibility prediction. Principal component analysis (PCA) with non-linear iterative projections by alternating least-squares (NIPALS) algorithm was performed, without including any information about the biological activity of the peptides. This analysis permitted the grouping of peptides in a way that strongly correlated to the biological function of the peptides. Six different groupings were observed, which seemed to correspond to the following groups: chemotactic peptides, mastoparans, tachykinins, kinins, antibiotic peptides, and a group of long peptides with one or two disulfide bonds and with biological activities that are not yet clearly defined. The partial overlap between the mastoparans group and the chemotactic peptides, tachykinins, kinins and antibiotic peptides in the PCA score plot may be used to explain the frequent reports in the literature about the multifunctionality of some of these peptides. The mathematical model used in the present investigation can be used to predict the biological activities of novel peptides in this system, and it may also be easily applied to other biological systems.
Introduction
Peptides may be constituents of larger proteins, in which case they are responsible for molecular recognition and biological activities, or they may be biosynthesized for important roles in many physiological processes, acting as neurotransmitters, hormones, toxins, antibiotics, and defensins [43] . Peptides in general target a wide variety of protein receptors at the level of biological membranes and may interact with the phospholipids of the plasma/organelle membranes and/or with cytosolic proteins, which may regulate their activities. Peptides are used as toxins in animal venom as part of the chemical weapons arsenal for predation and/or defense purposes, and they can even be used to protect the host from infections by pathogens [42] . These peptides are directed against a wide range of pharmacological targets, and they can induce pain, inflammation, blood pressure changes, heart arrhythmia, and neurotoxicity, among other toxic actions [12] . Many of the peptides from animal toxic secretions seem to have evolved convergently with their cellular and molecular targets to optimize their effects, making them highly selective ligands for specific types of receptors [56] . However, peptides are metabolically unstable due to protease cleavage of their backbone chain, and they also have poor bioavailability, mainly due to the low membrane transport characteristics of the peptide's amide backbone structure.
The interaction of some peptides with their biological targets may occur through the direct binding of their linear sequences in a potentially large number of conformations that are accessible to these peptides. The pressure for conservation of the primary structures of the peptide toxins/defensins from animal venoms/hemolymph during evolution for each group of venomous animals has been non-uniform among these groups [21] . Apparently, the major factor determining the level of conservation/modification of amino acid sequences during evolution was probably the necessity of obtaining high affinity binding to one or more specific receptors [43] . The venoms/hemolymph of many wandering Arthropods evolved to contain structurally compact peptides due to the presence of disulfide bonds, which stabilize the tertiary structure of these peptides. This stabilization is necessary to make the peptides active such that they can suitably perform their biological functions. These peptides are characterized both by their compact tertiary structures and by their high affinity for their specific receptors [18, 52] . Thus, for different groups of venomous organisms, nature has adopted a different strategy to create and evolve the peptide toxins based on the biology, life history, longevity, and foraging/feeding behavior of the organisms, among other parameters [43] .
Snake venom evolved to present linear peptides acting at the level of receptors localized on the endothelium surface, which causes a decrease in the blood pressure of the victims [19, 20] . These peptides usually define their secondary structures during their interaction with the targeted receptors. The evolution of the toxins from the venoms/hemolymph of spiders and scorpions resulted in many peptides with compact tertiary structures, which bind with high affinity to nervous receptors, modulating ion flux through the cellular membranes [21] . The skin secretions of frogs evolved to create a wide variety of linear, antimicrobial peptides [53] . Meanwhile, the action of evolution in the venoms/hemolymph from Hymenoptera insects resulted in a series of short, linear, polycationic peptides with multifunctional activities, which cause pain [6] , antimicrobial actions [11, 16] , and inflammation processes characterized by mast cell degranulation [42] , chemotaxis of polymorphonucleated leukocytes, and cytolysis [10] .
Many studies focusing on structure/activity relationship (SAR) have been conducted with specific groups of peptides to understand their mechanisms of action, and to create a rationale for the development of novel peptides with the potential to become drugs for therapeutic applications [46, 48] . There are many literature data on in silico prediction of peptides biological activities, such as: the use of prediction of activity spectra for substances (PASS) computer system, which showed a high predictive power for nine known biological activities [37] ; the use of molecular electronegativity topological distance vector (METDV), which is based on Pauling electronegativity and topological distance between each non-hydrogen atom for the determination of structure activity relationship of bradykinin-potentiating pentapeptides for angiotensin converting enzyme (ACE) inhibition activity [59] ; These ACE inhibitors were also studied by quantitative structure-activity relationships (QSARs) studies using a set of amino acid descriptors including hydrophobic, stereo and electrical characteristics on angiotensin-converting enzyme (ACE) inhibitor dipeptides, bactericidal peptides and oxytocin peptides, showing that structural properties are important to understand and to predict bioactivities [57] . The variables most frequently investigated are peptide hydrophobicity and amphipathicity index, net positive/negative charge [13] , pI value [31, 34] , content of ␣-helix and/or ␤-strands, and number of disulfide bond-forming cysteine residues [9, 32, 40, 51] , among others [49] . However, it is known that the presentation of specific biological activities and their modulation results from the interaction of all these parameters simultaneously, not from a single factor individually. Thus, experimentally, it is necessary to synthesize huge libraries of peptide sequences, reflecting all the combinatorial possibilities of the parameters mentioned above, and to evaluate the biological activity of each specific sequence to potentially obtain a single sequence or a few leader sequences, making this task quite challenging.
However, nature provides some interesting biological systems that can be used as models for virtual studies of this type, such as the large number of components from the venom and hemolymph of Hymenoptera insects. These components consist of a large variety of linear, ␣-helical peptides and some disulfide bond-containing peptides, each with different types of biological activities [12, 42, 43] . There is constant selection for the peptide sequences that are successful in specific target binding, while those that are not efficient are discarded in each different physiological/pharmacological situation. The richness of peptides from Hymenoptera venoms and hemolymphs constitutes a suitable biological system for searching through different sequences, providing a large number of different combinations of the physicochemical parameters mentioned above, which affect specific functional roles. Thus, we used this biological system to investigate the simultaneous combination of six different chemometric components in a mathematical model of multivariate analysis that was blinded from information about the biological activity of each peptide. We calculated the values of GRAVY (an index of hydrophobicity), aliphaticity index of the side chain of the amino acid residues of each peptide chain, number of disulfide bonds, total residues, net charge, isoelectric point (pI), Boman index, percentage of alpha helix, and Karplus & Schulz Flexibility Prediction, and included these values in a PCA protocol, with partial least squares regression (NIPALS), to determine whether these parameters contribute to a mathematical grouping of the sequences. In addition, we tried to correlate the observed grouping with the biological activity of each group. This model was validated with a series of other polycationic peptides from other animal origins.
Materials and methods
The amino acid sequences of 166 peptides from the venoms and hemolymph of Hymenoptera insects (bees, wasps and ants) were obtained from UNIPROT (http://www.uniprot.org) and NCBI (http://www.ncbi.nlm.nih.gov), and their sequences, numbering and names are shown in Supplemental To validate the model constructed for the Hymenoptera peptides, 80 peptides from other organisms were used, and their sequences, numbering, names and the supporting literature are shown in Supplemental Table 2 (supplementary content).
The physicochemical parameters calculated for each peptide sequence were grand average of hydropathicity (GRAVY), aliphatic index, isoelectric point (pI), net charges, number of amino acid residues, number of disulfide bonds, flexibility, alpha helix (%), and Boman index (kcal/mol). The aliphatic index of a protein is calculated according to the formula [24] :
-X(Ala), X(Val), X(Ile), and X(Leu) are mole percent (100 × mole fraction) of alanine, valine, isoleucine, and leucine, respectively. -a and b are the relative volumes of valine side chain (a = 2.9) and of Leu/Ile side chains (b = 3.9), respectively, in relation to the side chain volume of alanine.
Boman index is an estimate of the potential of peptides/proteins to bind to other proteins and is the sum of the free energies of the amino acid residue side chains, divided by the total number of amino acid residues; this index is expressed as kcal/mol [5] . Among all the peptides, a lower index value indicates that the peptide likely has more antibacterial activity without many side effects, whereas a higher index value indicates that the peptide is multifunctional with hormone-like activities. The index values for the defensins are in the intermediate range [5] . The Karplus & Schulz Flexibility Prediction is a tool for the selection of peptide antigens [26] . For the estimation of alpha helix percentage we used the CDM prediction. The basic premise of CDM is that the combination of two complementary methods can enhance the performance of the overall secondary structure prediction by harnessing the distinct advantages for both methods [8, 29, 54, 55] :
• Structural Fragment Database Mining (FDM) exploits the availability of sequentially similar fragments in the PDB, which leads to highly accurate (much better than GOR V) prediction of structure for such fragments, but such fragments are not available for many cases.
• GOR V is an algorithm that predicts the secondary structure of less similar fragments fairly accurately, where usually the FDM method does not find suitable structures [8, 29, 54, 55] .
• The PCA was performed using The Unscrambler software, version 9.8 (CAMO A/S, Trondheim, Norway), and the model was validated by full cross validation as reported by Esbensen [17] . The outliers were manually removed to derive a better prediction model. The general PCA formula is: X = TP T + E As the PCA model is centered, it gives:
where: X -the x value; T (A) -the score of the (A) component; Pthe X-loading; and E (A) -x-residuals for a model using (A) PCs. The algorithms used in The Unscrambler for PCA are described in Martens and Naes [36] . The software uses the NIPALS algorithm, which extracts one variable at a time. Each factor is obtained iteratively on the "T" scores to obtain a better score. The current version of the software permits use of a stop criteria based on: ||told-t|| < 1e − 12, which gives more strict orthogonality in scores and loadings; the maximum number of iterations was 100.
Later, the individual position of each point (peptide) is identified and verified if the points with similar biological activity are grouped neighbor to each other, forming a group; this is done manually, using the help of the algorithm, which automatically identifies each peptide.
Results
The PCA grouping of peptide classes was mathematically determined by the physicochemical parameters (grand average hydrophobicity index (GRAVY), aliphaticity index, number of disulfide bonds, total number of residues, net charge, and isoelectric point (pI)), flexibility index, percentage of alpha helix, and Boman index without any use of alignment of sequences; i.e., the peptides were classified only according to their intrinsic properties without including any influence from their biological activity. Positive values of GRAVY are indicative of hydrophobicity, while negative values are indicative of hydrophilicity [30] . The aliphatic index of a peptide is considered to be the relative volume occupied by aliphatic side chains (alanine, valine, isoleucine, and leucine). Positive values for this index are related to an increase in the stability of the peptides [24] , but this observation can be extended to peptides in general. Fig. 1 reports the PCA X-loadings plot, showing the correlation between the nine variables, while the individual peptides are identified by numbers, as shown in Table S1 (supplementary information). This figure shows that the first two PCs basically describe the hydrophobicity of the peptides (GRAVY and aliphaticity) and percentage of ␣-helix, which are negatively correlated to flexibility and Boman index, and also to net charge, pI, total number of residues, and number of disulfide bonds. The second PC basically discriminates between the total number of amino acid residues and net charge, against the other variables ( Figs. 1 and 2 ). Fig. 2 shows the PCA score plot for the first two PCs and indicates that they explain about 57% of the model variance. When considering the first five PCs, the model explains about 75% of the variance observed in Fig. 2 , indicating that these parameters are enough to explain practically all the variance of the model. However, the two first PCs better characterize the relationship between the physicochemical/biophysical properties and the groupings observed in Fig. 2 .
The third PC (correlated with number of disulfide bonds) does not add any new information in relation to the two first PCs. However, the fourth PC discriminates the groups as a function of GRAVY and percentage of alpha helix (data not shown).
To better understand the correlation between variables and objects described in Figs. 1 and 2 , the same data were also shown in Figs. 3 and 4 , emphasizing the three dimensional representations of the correlations between the samples and the variables: aliphaticity (Fig. 3A) , GRAVY (Fig. 3B ), net charge (Fig. 3C ), alpha helix (%) (Fig. 4A) , and Boman index (Fig. 4B) . Fig. 5 shows the residual variance of the model used in the present study; it shows a step-like representation of the calibration variance and the validation variance for different numbers of PCs. There is a tendency for these values to decrease as a function of the increase in the number of PCs, indicating that the present model is valid, because a higher number of PCs gives a smaller error in the model. In fact, the calibration variance and the validation variance tend to zero after a few PCs.
The purpose of multivariate calibration is to construct a predictive model based on multiple predictor variables. Multivariate calibration is in fact a two-stage procedure: (i) the model is build using training samples, for which the predictor and predictand variables are known or measured, and (ii) the model is then validated by comparing the predictions against reference values for samples that were not used for the model building [36] .
To validate the model used to predict the activities of Hymenoptera venom peptides, another series of 80 peptides from other organisms (Table S2 in supplementary information) presenting the same types of activities as those presented by the Hymenoptera peptides were analyzed and compared against the Hymenoptera model. After the calculation of predictor and predictand variables for these peptides, their distribution in the PCA score plot (Fig. 6 ) and PCA X-loadings plot (Fig. 7) gave a very similar pattern as that observed for the Hymenoptera peptides (Fig. 2) . In both cases, the grouping pattern was the same; i.e., those peptides described in the literature as mast cell degranulators were distributed within the same coordinates already occupied by the mastoparans, while a similar distribution was also observed for the other groups (chemotactic peptides, kinins, tachykinins, linear antibiotic peptides and the group of peptides presenting disulfide bridges).
Among the peptides used for validation of the model that predicts the biological activities of Hymenoptera peptides, the group of mast cell degranulators included, Temporin L (n • 167), Aurein It is important to emphasize that this analysis also revealed some overlap among some groups of peptides, such as that between the chemotactic peptides and mast cell degranulator groups, as observed for the peptides Bombesin like peptide I (n • 218), Canine BLI-II (n • 220), and Fibroblast Kinin I and II (n • 226 and 227, 
Discussion
The model developed to predict the biological activities of the Hymenoptera peptides was validated both through the determination of the residual variance for different numbers of PCs (Fig. 5 ) and with a sample of 80 peptides not belonging to the Hymenoptera model, which resulted in the same grouping pattern (Fig. 6) .
The representation of the score plot for the Hymenopteran model (Fig. 2) shows six groupings, which will be discussed in terms of the function of their potential biological activities. The group of chemotactic peptides can be seen in the right corner of this figure, presenting the highest GRAVY and aliphaticity index values and the lowest pI values, as well flexibility and Boman indexes, tending to be neutral in relation to the net charge (Fig. 2) . This indicates the importance of the hydrophobicity of these peptides for the chemotaxis of polymorphonucleated leukocytes (PMNLs). This activity generally requires binding of the peptides to a G-protein coupled receptor (GPCR), initiating a cascade of actions that result in chemoattraction of the target cells toward the source of the stimulus (presence of the peptide) [38] . Interestingly, it is well known that the peptide ligands of GPCRs-related chemotaxis are short, linear and relatively hydrophobic, assuming their final conformations during interaction with the receptors, and tending to present ␣-helical conformations (Fig. 4A) [38] . This profile fits well with the position of the group of chemotactic peptides Fig. 7 . PCA X-loadings plot showing the correlation between the variables for the validation model. observed in Fig. 2 ; thus, the sequence of peptide 71 (Icaria-CP) could be used as reference for this activity. A typical profile of physicochemical parameters for peptides presenting chemotactic activity for PMNLs is high GRAVY and aliphaticity index values (Fig. 3A and B, respectively) and reduced net charges (Fig. 3C) .
Intersecting partially with the group of chemotactic peptides is the group of mastoparan peptide, as shown in the score plot (Fig. 2) . Mastoparans are described as amphipathic peptides that interact directly with specific GPCRs related to mast cell degranulation [26, 33] . Peptides such as Polybia MP-III (n • 99), mastoparan-1 (n • 28) and crabrolin (n • 57) are positioned in the mentioned intersection, suggesting that these peptides also may present some chemotactic activity. These molecules are amphiphilic, presenting ␣-helix conformations under hydrophobic conditions, like the mastoparans [1, 10, [13] [14] [15] [16] . This observation is not surprising because some mastoparans, such as Polybia-MP-II and -III (n • 98 and 99) have been reported to present chemotactic activity for polymorphonucleated leukocytes (PMNLs) [14] . Bombolitin-III (n • 53) is reported to be an amphipathic peptide, presenting similar functions of mastoparans, since they also interact with cell membranes, causing some mast cell degranulation [1, 45] . The reciprocal situation also occurs, in which some chemotactic peptides also present a reduced mast cell degranulation, as previously reported for Protonectin (1-6) (n • 107) [3] .
Some mastoparans also present antimicrobial action against Gram-positive and Gram-negative bacteria [11, 44] , which may explain a partial overlapping of this group with the antimicrobial peptides (Fig. 2) . The mastoparan group is the most diversified one in the score plot (Fig. 2) , and some of these peptides can be spotted close to virtually all of the other groups.
Some peptides from ant venom, such as the ponericins-G6, -G7, and -W6 (n • 141-143), one poneratoxin (n • 123), and two dinoponeratoxins (n • 140 and 145), were previously reported to be antimicrobial peptides [41] ; however, according their position in the score plot (Fig. 2) , they were grouped as mastoparans in this study. Considering that some mastoparan-like peptides may also interact with the bacterial membrane, causing disruption of the membrane both in Gram-positive and Gram-negative bacteria because of their amphipathicity [12] , it is possible that the ponericins, poneratoxin and dinoponeratoxins and osmin (n • 149) would also present antimicrobial activity.
In the lower left corner of the score plot (Fig. 2) , it is possible to identify the group of wasp kinins; these peptides are structurally related to bradykinins and cause local vasodilation, smooth muscle contraction, and hypotensive action, in addition to relaxing the duodenum of rats [4, 39, 47] . Other poorly characterized peptides from ant venoms are also positioned within this group, such as Formaecin-1 and -2 (n • 126 and 127). This observation indicates that these peptides should also be assayed for typical kinin activities; these peptides have high pI values and Boman indexes, high flexibility, reduced aliphaticity and GRAVY values (Fig. 3A and B) .
In the lower left corner of the score plot (Fig. 2) , the group corresponding to the tachykinins also can be seen; this group is part of a large family of neuropeptides commonly found in amphibians and mammals [27] , in addition to the venoms of some species of social wasps [58] . These peptides were so named because of their ability to rapidly induce the contraction of gut tissue; they also excite neurons, evoke behavioral responses, are potent vasodilators and contract (directly or indirectly) many smooth muscles [22, 35] . The tachykinins present intermediate values of GRAVY and aliphaticity ( Fig. 3A and B) , in addition to reduced net charges (Fig. 3C ). This group also have intermediate percentages of ␣-helix and Boman indexes (Fig. 4A and B) .
In the upper left corner of the score plot (Fig. 2) , two groups can be found: the antibiotic peptides and the peptides with disulfide bonds in their structures. The group of antibiotic peptides is characterized by linear molecules, following the distribution of intermediary values of aliphaticity (Fig. 3A) and GRAVY (Fig. 3B) . Apparently, the actions of these peptides in bacterial systems occur by direct interaction with the microbial membranes, which in turn seems to be dependent on the amphipathicity of the peptides [16] . The intermediate values of GRAVY and aliphaticity, associated with the relatively high values of the net charge of these peptides, seem to favor the necessary amphipathicity for direct interaction with the bacterial membranes. Despite not being characterized as having antimicrobial actions, some large linear peptides like mellitin (n • 152) are located in this group, indicating that they may potentially present antimicrobial activity. This group includes some peptides that have not been well characterized up to now, such as Abaecin (n • 165), which is not a venom toxin, but a polycationic and linear peptide from honeybee hemolymph, presenting high antimicrobial activity [7] ; the peptides Ponericins and Dinoponeratoxins (n • 123-147), are ant venom components, characterized by large number of amino acid residues in their linear chain, also presenting antimicrobial activity [25] .
In the upper left corner of the score plot (Fig. 2) , is located a group of wasp and bee venom peptides presenting long backbone chains, rich in positive charges and with one or two disulfide bonds. Certainly, the presence of disulfide bonds plays a strong role in the formation of this group. These peptides are poorly characterized regarding their functionality. Peptides such as Paulistine (n • 111), Seduline (n • 113) and Sylverin (n • 114) are reported as inflammatory components, which apparently do not present antimicrobial activity [12, 15, 42] . Apamin (n • 166) is described as a neurotoxin, acting by blocking the slow conductance of Ca 2+ -dependent K + channels in the central nervous system of mammals, specifically at low concentrations [50, 51] . Secapine (n • 168) is a neurotoxic agent causing piloerection, smooth sedation, and hypothermia [2] . The MCD peptide (n • 167) and Tertiapine (n • 148) have two disulfide bonds; the first is reported to cause mast cell degranulation, while the second is a potent blocker of voltage-sensitive K + channels [4, 28] . Furthermore, it has been suggested that bee venom peptides share the same folding pattern, which is centered around a ␤-turn covalently bound to the ␣-helix segment by a disulfide bond, suggesting that Apamine, Tertiapine, and MCD form a unique molecular class [23] . The formation of a disulfide bond is considered to be a post-translational modification that stabilizes the tertiary structure of some peptides and is necessary to make them active, so they can adequately perform their biological function, thus making disulfide bonds important structural components of many peptide neurotoxins of animal venoms [43] . It is possible, therefore, that this group of peptides may be functionally related to neurotoxicity during the envenoming process; however, determining their precise role will require much more experimentation. These peptides also have high values of Boman free energy index, indicating possible interaction with proteins (receptors) (Fig. 4B) .
Conclusions
In general, it is difficult to determine the specific biological activity of novel peptides based solely on their amino acid sequences, especially in the venoms from the social Hymenoptera, in which novel peptides are being described frequently, with a complex panel of biological activities, characteristically of polyfunctional nature. Using the "trial and error" approach may be laborious, expensive and time consuming due to the potentially enormous number of different experimental setups of pharmacological/physiological assays that are required to minimally cover a reasonable number of biological assays. However, nature offers some interesting systems of biologically active peptides that are structurally and functionally well characterized, and reliably documented in the literature, which can be used as "models" to investigate the relationship between a series of intrinsic physicochemical parameters of these peptides and their biological activities. Thus, we chose 166 peptides from the venoms and hemolymphs of Hymenoptera insects as a virtual library (biological model) and applied a mathematical model of multivariate analysis with nine different chemometric components (corresponding to the most investigated physicochemical descriptors of peptides): GRAVY, aliphaticity of the side chain of the amino acid residues of each peptide chain, number of disulfide bonds, total residues, net charge, pI value, CDM prediction of alpha helix, flexibility, and Boman index. PCA with Partial Least Squares Regression was performed with these data.
While being constructed, this virtual system was blinded from any information about the biological activity of the peptides; however, this analysis permitted the grouping of peptides in a way strongly correlated to their biological function. Six different groupings were observed, which seemed to correspond to the following classes: chemotactic peptides, mastoparans, tachykinins, kinins, antibiotic peptides and a group of long peptides with one or two disulfide bonds and biological activities that are not yet clearly defined. The partial overlapping between the groups of mastoparans with chemotactic peptides, tachykinins, kinins and antibiotic peptides in the PCA score plot (Fig. 2 ) may be used to explain frequent reports in the literature about the multifunctionality of some of these peptides.
The groupings reported above seems to be characterized by well-defined ranges of values for some basic physicochemical parameters that are intrinsic to each peptide sequence, which may be used in future studies as part of a strategy for selecting the most informative sequences in a series of homologs peptides. This could allow for more efficient determination of biological activities such as chemotaxis of PMNLs, mast cell degranulation, antibiosis, and even more potent analogs of kinins. The mathematical model used in the present investigation may also be applied to other biological systems that involve peptide components, and other different and physicochemical parameters may be included in the analysis in addition to, or as a substitute for the more common parameters used here.
